














NLR – Netherlands Aerospace Centre 
CUSTOMER:  European Commission 
An Efficient Prediction Model for 
Prognostic Health Management of an 
Engine Turbine Blade 
  















Netherlands Aerospace Centre 
NLR is a leading international research centre for 
aerospace. Bolstered by its multidisciplinary expertise 
and unrivalled research facilities, NLR provides innovative 
and integral solutions for the complex challenges in the  
aerospace sector. 
 
For more information visit: www.nlr.nl 
NLR's activities span the full spectrum of Research 
Development Test & Evaluation (RDT & E). Given NLR's 
specialist knowledge and facilities, companies turn to NLR 
for validation, verification, qualification, simulation and 
evaluation. NLR thereby bridges the gap between research 
and practical applications, while working for both 
government and industry at home and abroad. 
NLR stands for practical and innovative solutions, technical 
expertise and a long-term design vision. This allows NLR's 
cutting edge technology to find its way into successful 
aerospace programs of OEMs, including Airbus, Embraer 
and Pilatus. NLR contributes to (military) programs, such 
as ESA's IXV re-entry vehicle, the F-35, the Apache 
helicopter, and European programs, including SESAR and 
Clean Sky 2. 
Founded in 1919, and employing some 650 people, NLR 
achieved a turnover of 73 million euros in 2014, of which 
three-quarters derived from contract research, and the 








In general aviation (concerning small aircraft/engines), it has been common 
practice to perform maintenance of aircraft engines after fixed operating intervals. 
The duration of these intervals – the Time Between Overhaul (TBO) - is based on a 
(maximum) number of engine operating hours and possibly a number of starts and 
stops. The TBO is prescribed by the engine manufacturer. As such, a usage 
spectrum of the engine is assumed which is usually conservative and based on 
maximum engine loads. 
As an alternative to the basic ‘flight hour rule’ TBO, a more advanced approach can 
be followed by active Health and Usage Monitoring Systems (HUMS) of the engine 
and by applying condition based maintenance. Gas path analysis (GPA) – a method 
for predicting engine variables and comparing them with measured values - can 
then extract information about the deterioration of the engine. However GPA does 
not determine the creep and fatigue damage of the blades. For determination of 
these effects detailed analysis is needed on blade level. Such analysis involves a 
time-consuming calculation process and requires specific software that may not be 
available in a standard maintenance environment. Therefore, an efficient and easy 
deployable model is needed that predicts the blade life consumption as an 
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Description of work 
The work described here has been performed in the frame of the EU FP7 project 
ESPOSA, which addresses the development of innovative technologies for the 
application of turbine engines on small aircraft. 
NLR has implemented a method for Prognostic Health Management (PHM) of the 
engine, which comprises engine performance simulation, thermo-mechanical 
simulation and life prediction analysis. From the method a fast prediction model 
has been derived for PHM, by means of surrogate modelling. 
Results and conclusions 
The method focuses on the blades of the High Pressure Turbine (HPT) of the 
ESPOSA Basic Engine 2 (BE-2), developed by Ivchenko Progress (IP). Quantities that 
can be measured on this engine are used by specific PHM algorithms that analyse 
the engine condition and predict the blade life consumption with respect to creep 
and Low-Cycle Fatigue (LCF). For future research it is recommended to involve 
environmental effects in the PHM method as well, e.g. erosion. Furthermore, the 
method could be extended to other engine components beside the HPT. 
The PHM surrogate model determines the blade life consumption as an analytical 
function of measured engine data. It provides an efficient and easy deployable 
prediction model. 
Applicability 
The PHM surrogate model can be delivered as a stand-alone executable software 
tool that may be used in a standard maintenance environment or even on-board 
the aircraft, for efficient health prediction of the engine using actual measurement 
data. 
Such approach may lead to longer TBO when the engine is used only mildly and 
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In maintenance of small aircraft the Time Between Overhaul (TBO) of an aircraft engine is fixed and prescribed by the 
engine manufacturer. The specified TBO is usually conservative. A more sophisticated approach can be followed by 
actively monitoring the health and usage of the engine and applying condition based maintenance. This approach can 
lead to longer TBO when the engine is used only mildly and hence will lead to reduction of the engine operating cost. 
 
NLR has developed a method for Prognostic Health Management (PHM) of an engine. The focus is on the High 
Pressure Turbine (HPT) blades. The method comprises engine performance simulation, thermo-mechanical simulation 
of the HPT blade and life prediction analysis of the HPT blade. Especially the thermo-mechanical simulation is a time-
consuming step as it involves a finite element model. Therefore an effcient prediction model has been derived, by 
means of surrogate modelling. 
 
The work has been performed in the frame of the EU FP7 project ESPOSA. This project targets towards the 
development of innovative technologies for the application of turbine engines on small aircraft. A part of the project is 
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In general aviation (concerning small aircraft/engines), it has been common practice to perform maintenance of 
aircraft engines after fixed operating intervals. The duration of these intervals – the Time Between Overhaul (TBO) - is 
based on a (maximum) amount of engine operating hours and possibly a number of starts. The TBO is recommended 
by the engine manufacturer. As such, a usage spectrum of the engine is assumed which is usually conservative and 
based on maximum engine loads. 
As an alternative to the basic ‘flight hour rule’ a more advanced approach can be followed by actively monitoring the 
health and usage of the engine and applying condition based maintenance. This approach can lead to longer TBO 
when the engine is used only mildly and hence will lead to reduction of the engine operating cost. 
To limit installation cost the usage monitoring will be based on engine parameters that are already measured by the 
engine control unit (ECU). A separate device is installed that reads the data from the bus and stores them for later 
processing. Downloading has been traditionally performed by reading out special cartridges. More recently, 
downloading on a laptop became available and even wireless transfer over the General Packet Radio Service (GPRS) 
network is possible, for instance by the Honeywell TFE731 Engine Remote Diagnostics Service [1]. Gas path analysis 
(GPA) can then extract information about the deterioration of the blades1. In this paper an alternative method is 
developed that uses the measured engine parameters to determine the creep and fatigue damage in the engine. This 
damage does not show up in GPA because the blade shape does not change significantly.  
The work has been performed in the frame of the EU FP7 project ESPOSA [2]. ESPOSA targets towards the 
development of innovative technologies for the application of turbine engines on small aircraft. A part of the project is 
dedicated to the development of a smart health monitoring system in order to reduce installation and maintenance 
cost.  
NLR has implemented a method for Prognostic Health Management (PHM) of the engine. The method focuses on the 
blades of the High Pressure Turbine (HPT) of the ESPOSA Basic Engine 2 (BE-2), developed by Ivchenko Progress (IP) 
[3]. Quantities that can be measured on this engine are used by specific PHM algorithms that analyse the engine 
condition and predict the blade life consumption with respect to creep and Low-Cycle Fatigue (LCF). The method 
comprises engine performance simulations, thermo-mechanical finite element simulations of the HPT blade and 
specific life prediction calculations. The method is further described in section 2. 
The PHM method includes detailed simulations on the HPT blade level. Hence it is a time-consuming calculation 
process and it requires specific software that may not be available in a standard maintenance environment. Therefore, 
an efficient and easy deployable prediction model has been derived from the PHM method by using surrogate 
modelling techniques. The PHM surrogate model determines the blade life consumption as an analytical function of 
measured engine data. Details on the PHM surrogate model are given in section 3. 
 
  
                                                                
1 In the ESPOSA project Gas path analysis (GPA) – a method for predicting engine variables and comparing them with measured values – has been applied to analyse 
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2 Method for Prognostic Health Management 
The implementation of the method for prediction of blade life consumption based on measured engine parameters is 
depicted in Figure 1. The measured engine parameters are the ambient temperature and pressure and the rotational 
speed of the HPT. A performance model of the ESPOSA engine BE-2 has been developed using NLR’s Gas turbine 
Simulation Program (GSP) [5] in order to determine the HPT inlet and outlet temperatures from these data. Data from 
Ivchenko Progress (IP) have been used for creating and validating the GSP BE-2 model. This model can be used for 
engine control analysis, for different parameter studies in design and off-design analysis of the engine and for gas path 
analysis. In the context of this study it is used for predicting the relation - at specific engine power ratings - between 
varied ambient conditions and the internal temperatures, pressures, mass flows, speeds and torques at the different 
stages of the engine. These output values are then fed into the thermo-mechanical model. A table of blade 
temperature and stress field values is produced at different locations for a subset of output values. This table still 
needs a post-processing step in order to provide predictions on the life of the HPT blade. The applied life prediction 
formulas and the finite element model are described below. 
 
 
Figure 1: Implementation of the PHM method for prediction of engine HPT blade life 
 
n the frame of ESPOSA a thermo-mechanical finite element (FE) model of the turbine blade of the HPT has been 
developed. The model has been implemented in ABAQUS [4] and was originally used for strength verification of an 
aerodynamic redesign [9]. From thermal and mechanical boundary definitions it calculates the blade temperature 
values and the mechanical stress in the HPT blade. The model can be used both for steady-state and time-dependent 
(transient) calculations. It uses the following input variables (through the boundary conditions): 
• Total temperature at the compressor outlet (TT3). The turbine blade is cooled internally with air flow from 
the compressor outlet. The GSP model calculates TT3 from ambient conditions and power setting. 
• Total temperature at the HPT inlet (TT4) and outlet (TT5). These temperatures represent the thermal 
boundary around the blade. The GSP model calculates TT4 and TT5 from ambient conditions and power 
setting. 
• Compressor shaft speed (Ngg). The HPT drives the compressor.  
For the life assessment of the blades both creep and LCF have been considered. The damage indices are calculated at 
each location on the surface of the blade in the FE model using the stress and temperature fields.  
The evaluation of the creep life requires detailed knowledge of the temperatures, stress state and material behaviour. 
Inconel 718 material properties [6] have been used for the life calculation. A Norton-Bailey [10] creep law is used to 
describe the creep behaviour of the material. This creep law has no dependence of the creep strain rate on the 






𝜀𝜀̇ = 𝐵𝐵𝜎𝜎𝑛𝑛 𝑒𝑒𝑒𝑒𝑒𝑒 �−𝑄𝑄𝑎𝑎
𝑅𝑅𝑅𝑅
 �     (1) 
In this formula B and n are material parameters, 𝜀𝜀̇ is the creep strain rate, σ is the stress, T is the temperature (K), 𝑄𝑄𝑎𝑎  
is the activation energy and R is the universal gas constant (8.3145 J/molK). At each location of the blade surface the 
Von Mises stress is used to obtain the creep strain. The parameters used for Inconel 718 are given in Table 1 and are 
based on a survey of open literature data. 
 
Table 1: Creep model parameters for IN718 (source [6]) 
Parameter Value Unit 
𝑄𝑄𝑎𝑎  443851 J/mol 
R 8.3145 J/molK 
B 7.132E-32  
n 16.96  
 
The LCF properties for an unnotched Inconel 718 plate at room temperature are taken from [6]. The fatigue properties 
normally do not depend on temperature. The test data are fitted as: 
 log𝑁𝑁𝑓𝑓 = 8.18 − 2.07 log�𝑆𝑆𝑒𝑒𝑒𝑒 − 63�, with    (2) 
𝑆𝑆𝑒𝑒𝑒𝑒 = 𝑆𝑆𝑎𝑎 + 0.40𝑆𝑆𝑚𝑚       (3) 
 
In these formulas 𝑁𝑁𝑓𝑓 is the number of cycles to failure, 𝑆𝑆𝑒𝑒𝑒𝑒  is the equivalent stress, 𝑆𝑆𝑎𝑎  is the stress amplitude and 𝑆𝑆𝑚𝑚 is 
the mean stress. As no spectrum is defined as a first estimate, one cycle is here defined as the step from zero stress to 
the stress calculated by the FE model. The largest in absolute value of the principal stresses is used in obtaining the 
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3 Surrogate model for efficient PHM 
The PHM method includes thermo-mechanical FE simulations on the HPT blade level. As such it provides detailed 
information on the condition of an engine component. However, applying this method is a time-consuming process 
(to be performed off-line) and it requires having all the necessary software and specialist knowledge in place, which is 
usually not available in a standard maintenance environment. Therefore, from the PHM method a fast prediction 
model has been derived for deployment of the method. The fast prediction model is created using surrogate 
modelling techniques. Several techniques for surrogate modelling exist (see [7]). In this study the model is derived by 
fitting a set of input/output data of sequential steady-state simulations with the PHM method (see Figure 1). It is 
implemented as an analytical formula in a stand-alone executable software tool that may be used in a standard 
maintenance environment or even on-board the aircraft, for efficient health prediction of the engine. The goal of the 
PHM surrogate model is to predict engine health indicators as function of actual engine sensor measurement data in 
one-step.  
The following measurable engine quantities are defined as input to the PHM surrogate model: 
• Engine inlet temperature (TT1) [K] 
• Compressor shaft speed (Ngg) [rpm] 
The surrogate model predicts the following engine health indicators (with focus on the HPT blade) as calculated by the 
PHM method: 
• The maximum stress along the blade surface (steady state value) [N/m2] (derived from the stress field along 
the blade surface) 
• The maximum temperature along the blade [K] (derived from the temperature field along the blade) 
• The maximum creep strain damage rate [damage/hour] along the blade surface  
• The maximum LCF damage rate [damage/cycle] along the blade surface  
 
A PHM database has been built up, from which the surrogate model is derived using data fitting techniques. For this, 
series of steady-state simulations have been performed with the PHM method in which sufficient variability is 
achieved of input variables of the surrogate model (TT1, Ngg). The following parameter variations have been inserted 
to the engine performance model: 
• Altitude (Zp): 0, 1000, 2000 and 3000 m.  
• Temperature deviation from the ISA standard: between -15 and +25 oC (dependent on the altitude).  
• Power setting (PWSD): 30, 50, 200, 363 and 400 kW (values based on the engine ratings data that were 
provided by IP). 
The variations in power setting result in varied levels of Ngg. The variations in altitude and in temperature deviation 
from ISA result in varied levels of TT1. A full-factorial Design of Experiment (DoE) [7] has been derived from these 
variations, that constitutes a table of 100 input/output data combinations (representing 100 simulations). 
The NLR MATLAB based tool MultiFit [7] has been used for data fitting. With this tool several methods can be assessed 
in one step in order to fit the best prediction function through the data. The fits have been assessed on separate 
validation data points which were separated from the fit data set. From this assessment three fitting methods came 
out with best prediction performance on the validation data points:  
• third order polynomial regression,  
• partial least-squares polynomial regression and  
• kriging with quadratic regression and with exponential correlation function (krigingqE). 
 
From a more dedicated comparison between these three methods the kriging method was chosen. The resulting 





predictions of the stress and Life creep (log value) may be an example of ‘overfitting’ the data, this fit method gives 
the smallest relative prediction errors (less that 1%) on a randomly chosen validation data set. The kriging method also 
has no undesired extrapolation effects. Furthermore, the krigingqE fit is the only method that can predict the 
cumulative life creep output with a relative error smaller than 10%. 
 
 
Figure 2: Fit result (mesh surface), fit (blue dots) and validation (red dots) data points for the four output variables 
using the ‘krigingqE’ method 
 
The surrogate model illustrated in Figure 2 predicts steady state values of HPT blade health parameters as a function 
of (steady-state) measured values of TT1 and Ngg. During a typical flight a large part of the time the engine is in a 
steady-state condition. However in some transitions between flight phases (e.g. from Taxi-out to Take-off or from 
Descent to Approach) sudden changes in engine temperatures occur (see Figure 3). Specifically these sudden changes 
have a strong influence on the fatigue load of an engine. Therefore, as a second step, transient behaviour has been 
taken into account in the surrogate modelling process. The same method described in section 2 has been used. Now 
time-dependent simulations have been used following a standard flight profile that was used in ESPOSA. The phase 
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Figure 3: Change of HPT inlet temperature (TT4) during the transient phase from Descent to Approach2. The blue curve 
corresponds with a fuel flow decrease in 2 seconds, the brown curve with a decrease in 4 seconds and the green curve 
in 6 seconds 
 
In the transient case it was envisaged to create a surrogate model for the transient thermo-mechanical FE calculations 
(see section 2) as this is the most complex and time-consuming step in the PHM method. Therefore the compressor 
shaft speed Ngg and the engine temperatures TT3, TT4 and TT5 are defined as the inputs of the transient surrogate 
model (note, that these inputs differ from the steady-state surrogate model as now the focus is on the FE simulation 
step). The temperature and stress fields along the blade surface are considered as the outputs. This deviates from the 
steady-state case in which the maximum values of these fields were fitted directly. The reason is that spatial 
coherences of the temperature and the stress values need to be taken into account in order to capture in some way 
the dynamics of the system. The transient surrogate modelling problem is formulated as follows. Derive functions f 
and g such that 
 
𝑇𝑇�⃗𝑏𝑏(𝑡𝑡 + ∆𝑡𝑡) ≈ 𝑓𝑓�𝑇𝑇�⃗ 𝑏𝑏(𝑡𝑡),𝑇𝑇𝑇𝑇3,𝑇𝑇𝑇𝑇4,𝑇𝑇𝑇𝑇5,∆𝑡𝑡� and   (4) 
?⃗?𝜎𝑏𝑏(𝑡𝑡 + ∆𝑡𝑡) ≈ 𝑔𝑔�?⃗?𝜎𝑏𝑏(𝑡𝑡),𝑇𝑇�⃗ 𝑏𝑏(𝑡𝑡),𝑁𝑁𝑔𝑔𝑔𝑔,𝑇𝑇𝑇𝑇4,𝑇𝑇𝑇𝑇5,∆𝑡𝑡�,   (5) 
 
with 𝑇𝑇�⃗ 𝑏𝑏 and ?⃗?𝜎𝑏𝑏the vector of temperature and stress values respectively on the blade surface. Note that a dependency 
of ?⃗?𝜎𝑏𝑏 on 𝑇𝑇�⃗𝑏𝑏  is assumed. This correlation is in line with physics expectations and follows from the simulation results. 
Due to the FE model the dimensions of 𝑇𝑇�⃗ 𝑏𝑏 and ?⃗?𝜎𝑏𝑏 are large: around 2000. The high dimensionality of the input space 
makes it difficult to fit a surrogate model, due to high the amount of data needed. Therefore the dimensionality of 𝑇𝑇�⃗ 𝑏𝑏 
and ?⃗?𝜎𝑏𝑏 is reduced, applying Proper Orthogonal Decomposition (POD) [8]. This method reduces the dimensionality of 
the solution space by finding (spatial) coherence in the simulated time histories of 𝑇𝑇�⃗𝑏𝑏  and ?⃗?𝜎𝑏𝑏. The most common 
spatial coherence structures are determined using singular value decomposition (SVD). From the FE simulation results 
coefficient matrices ct and dt are derived that form a reduced basis for 𝑇𝑇�⃗ 𝑏𝑏 and ?⃗?𝜎𝑏𝑏. The reduced bases have dimensions 
3 and 5 respectively which is much smaller than 2000. Then  functions 𝑓𝑓 and 𝑔𝑔� are sought such that  
 
ct+Δt≈ 𝑓𝑓�𝑐𝑐𝑡𝑡 ,  𝑇𝑇𝑇𝑇3,𝑇𝑇𝑇𝑇4,𝑇𝑇𝑇𝑇5,∆𝑡𝑡� and    (6)  
dt+Δt≈ 𝑔𝑔�(𝑑𝑑𝑡𝑡 , 𝑐𝑐𝑡𝑡 ,𝑁𝑁𝑔𝑔𝑔𝑔,𝑇𝑇𝑇𝑇4,𝑇𝑇𝑇𝑇5,∆𝑡𝑡).    (7)  
 
These approximation functions have been found using an Artificial Neural Network (ANN). For the ct a recurrent ANN 
has been used. For dt a feed-forward ANN has been used. The prediction functions of 𝑇𝑇�⃗𝑏𝑏  and ?⃗?𝜎𝑏𝑏  have been derived by 
back-transforming the coefficient predictions ct and dt using the SVD matrices. The maximum prediction errors of 𝑇𝑇�⃗ 𝑏𝑏 
and ?⃗?𝜎𝑏𝑏 are 10.73
oC and 10.72 MPa respectively, evaluated on the complete data set that was used for creating the 
surrogate model. This corresponds to a maximum relative error of 1.29% for the temperature prediction and a 
maximum relative error of 2.37% for the stress prediction. In case of the calculation of the stress relative prediction 
errors only stress values above 434 MPa were used. 
 
  
                                                                
2 Please note, that during the approach phase the turbine inlet temperature may increase again, due to a usually increased engine power demand at the end of the 





The derived transient surrogate model - representing a fast version of the thermo-mechanical FE model - can be re-
fitted into the PHM method (see Figure 1) in order to reduce the calculation time of the method. Furthermore the 
surrogate model can be integrated into a closed-loop time simulation in Simulink, together with the engine 
performance model (using the GSP-Simulink interface) and an engine control model. As such complete flights can be 
simulated and analysed, either using measured flight data or experimental values for applying ‘what-if’ scenarios. The 
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4 Conclusions 
A method - comprising engine performance simulation, thermo-mechanical FE simulation and life prediction - has 
been implemented for engine PHM with focus on the HPT blade. From the method a deployable and fast prediction 
model has been derived, by means of surrogate modelling techniques. The goal of the PHM surrogate model is to 
predict engine health indicators as function of actual engine sensor measurement data in one-step. It is implemented 
as an analytical formula in a stand-alone executable software tool that may be used in a standard maintenance 
environment or even on-board the aircraft, for an efficient health prediction of the engine.  
Both steady-state and transient engine behaviour have been addressed during the surrogate modelling process. In the 
steady-state case the surrogate model covers the full PHM method (from sensor measurement data to life prediction). 
In the transient case the surrogate model replaces the thermo-mechanical FE simulation step (which is the most 
complex and time-consuming step). The transient surrogate model can be integrated into a closed-loop time 
simulation in Simulink, together with the engine performance model (using the GSP-Simulink interface) and an engine 
control model. As such complete flights can be simulated and analysed efficiently, either using measured flight data or 
experimental values for applying ‘what-if’ scenarios. The implementation of the closed-loop Simulink model is part of 
work in progress. 
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